I. INTRODUCTION
313 modeling has many applications in robotics including 3D terrain construction for robot navigatiodlocalization and 3D model database construction for model-based object recognition. 3D modcling of a free-form object [3] involves the acquisition of its multiple range images from different viewpoints in order to fully cover the object's surface. These views must then be registered in a common coordinate basis. According to the survey of Campbell and Flynn [5], registration is completed in two phases namely coarse registration and fine regislration. Coarse registration can be performed either manually or automatically through system calibration or feature matching [SI. Coarse registration is fallowed by fine registration for example with the ICP algorithm 121. The registered views are integrated and reconstructed to complete the 3D model.
Existing techniques of feature matching (also known as correspondence) for automatic coarse registration such as the RANSAC-based DARCES [6] , the bitangent curve matching [281, the graph matching (71, the spin image matching [IS] [20] . Therefore, the hash table is efficiently built without going into thc combinatorial explosion of data points of the views. Moreover, thc tensors represent local surface patches of the views instead or data points. This makes the hash table independent of the resolution and surface sampling of the views. The hash table is used to simultaneously match a single tensor with multiple tensors of multiple views by casting votes to the tuples. The tuples that receive the most votes are hypothesized as potential correspondences. These Correspondences are verified and used to construct a spanning tree graph which is the output of our algorithm. Each node in this graph represents a view and each arc represents the rigid transformation that aligns its end nodes..The output graph is used for registration of a11 thc views in a common coordinate basis.
REPRESENTATION PHASE
During an offline phase, the input views Vi (in the form of point clouds) are converted into triangular meshes Mi our extensivc pairwise correspondence experiments [20] . A 3D coordinate basis is then defined for each pair of vertices as folIows. The center of the line joining thc vertices makes the origin. The average of the normals of the two vertices makes the z-axis. The cross product of the two normals makes the x-axis and the cross product of the z-axis with the x-axis makes the y-axis. This coordinate basis is used to define a 3D grid at its origin (Fig. 1) . The size of the grid determines the degree of locality of the representation whereas the size of each bin determines the level of granularity at which the surface is represented. We have carefully adjusted the size of the grid as lo3 and the size of each bin b, = d1/5 on the basis of our pairwise correspondence experiments [20] . It also revealed that these values are thc most appropriate in the multiview correspondence case (Section V).
Once the grid is defined, the surface area of intersection of the mesh with each bin of thc grid is recorded in a third order tensor (see Fig. 1 ). Each element of the tensor is equal to the surface area of the mesh present in the bin corresponding to that tensor element. Hodgman's polygon clipping algorithm [IO] is used to efficiently find the area of intersection of a bin and the mesh. Since most of the bins of the 3D grid are likely to be empty (see Fig. I ), the resulting tensor will have many zero elements. Therefore, the tensor is reduced to a sparse array in order to cut down on memory utilization (approx. 85% less memory is utilized by the sparse arrays). Tensors are built for aI1 nt pairs of vertices of a11 Mi. Table   The 
E. Building the Hush

MULTIVIEW CORRESPONDENCE
During automatic multiview correspondence, the mesh ME with the maximum surface area is selected as the root node to initialize thc spanning tree graph. The tensors of MR are then matched with the tensors of the remaining meshes in thc search space (scc Fig. 2) . Matching tensors are used to register the two meshes. The registered mesh i s removed from the search space and added to the graph. Once all the tensors of M R have been matched, another mesh is selected from the spanning tree and its tensors are matched with the tensors of the remaining meshes in the search space. In this way, the search space reduces each time a new mesh is added to the spanning tree. This provides further efficiency to the algorithm. Fig. 2 shows the trace of our multiview correspondence and rcgistrition algorithm for the 33 views of the hasi (Fig. 4) .
To match a tensor T, of mode1 view M:n, the i , j , IC indices of its non-zero elements and its de1 are used to cast votes to all the tuplcs (view number, tensor number) present at the corresponding index positions in the 4D hash table. The tuples that receive fewer votes than half the number of non-zero elements of T, are dropped. Next, the correlation coefficient C , of T, is calculated with each tensor T, of the remaining tuples using Eqn. 3. C, is calculated in the region of overlap of the two tensors to cater for occlusions. (Fig. 4) . 
In Eqn. 6, VkLs is the matrix of 5, y, z coordinates of the data points of MAs and P,, is the rotation matrix that aligns V:ns along its principal axis. D is then subtracted from D',,,.
If the maximum difference between the two is less than a specified tolerance 3b,, M, and M, are also registered (using R and t) and points on the two meshes that are within a distance of 2d,,, (whcrc d,,, is the resolution of M i ) are turned into correspondences. If the number of correspondences is more than nc, the transformation is refined with a variant of the ICP algorithm [24] (n, = min(n,,,, n,)/4, where n, and n, arc the number of data point5 of M, and M, respectively). Once again, pairs of points on the two meshes that are within a distance of d,,, are turned into correspondences. If the number of correspondences is more than 2n,, the combined bounding dimensions D, , of M, and M, are calculated in a similar way to Eqn. 6 . If max(D -Dms) is less than 2d,,,, the algorithm proceeds to the global verification. If any of the above local verification steps fail, the algorithm proceeds to verify another set of potential corresponding tensors.
During the global verification, the combined bounding dimensions DL of all the previously registered meshes in the spanning tree and the new mesh to be added are calculated in a similar way to Eqn. 1 
. If max(DL -D) is less than
4d,,,, the new mesh is added to the spanning tree. If global verification .fails the algorithm proceeds to test the remaining set of potential corresponding tensors.
Iv. INTEGRATION A N D RECONSTRUCTION
Once the spanning tree is complete it is used to registered all the views in the coordinate basis of MR. We prescnt the results of our experiments on nine objects.
Range data of the first four objects was provided by The University of Stuttgart [26] (sec Fig. 4) whereas the range data of the remaining five objects was provided by The Ohio State University 141 (see Fig. 5 ). In the formcr case, 33 unordered views of each object were fed to our algorithm for multiview correspondence and rcgistration. Fig. 2 shows the output graph of the 33 views of the hasi whereas Fig. 3 shows the graphs of the remaining three models namely the isis, the dinopet and the hip. Notice that the graphs of Fig. 3 have only four levels starting from the root node (e.g. node 19 in Fig. 3(a) ) at Icvel zero to the end nodes at level four (e.g. node IS in Fig. 3(a) ). The advantages of a small number of Ievelg are two fold. First, the spanning tree is quickly and efficiently constructcd since the nodes are quickly removed from the search space. Second, the registration errors are only accumulated through a small number of branches [ 5 ] . In the graphs of Fig. 3 , fie registration errors are accumulated through four branches in the worst case.
We performed the analysis of our multiview correspondence algorithm according to two important cri tcria namely the effect of increasing number of input views and the effect of noise. The experiments of the first criterion was performed on the data set of E261 (because the number of views was comparatively large in this case) and its results ( Fig. 6 and Fig. 7 
In Eqn. 7, n t is the number of tensors per view (equal to 300 in our expenments). Fig. 6 shows the performance o f our algorithm as a function of increasing number of views. Thc performance of our prior work [22] and an exhaustive search are also reported in Fig. 6 for comparison. Note that the verrical scales (y-axis) of the graphs in Fig. 6 are logarithmic. We have also included two of the graphs with linear scales in Fig. 7 to further emphasize the improvement of our hash table based algorithm over our prior work [22] . Our results show thal our algorithm is much less sensitive to the number of input views as compared to the exhaustive search and.our prior work [22] .
The noise tests were performed on the data set of [4]. The range images in this case were already noisy and contained many outlier points however they were still correctly registered by our algorithm (see Fig. 5 ). To further test the robustness of our algorithm, we introduced additiona1 Gaussian noise with 0 = 0.35 to 1 . 4 m along the scanner viewing direction in the range images of each object (see Fig. 8 ) and fed one data set at a time to our multiview correspondence algorithm. Thc spatial resolution of the range images of the angel was 1 . 4 n whereas the spatial resotution of the remaining range images was approximately 0 . i " . Our results are reported in Fig. 9 in terms of the number of views correctly registered to the root node as function of increasing noise. The performance of our algorithm i s almost 100% upto a noise with LT = 0 . 7 m and thcn decreases gracefully i.e. the algorithm does not fail completely, 
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VI. CONCLUSION
We presented an efficient multiview correspondence aigorithm using a matching scheme based on a 4D hash tabIe. The hash table itself is derived from our tensor-based representation and is efficiently built from a small number of tensors per view. Our multiview correspondence algorithm is independent of the resolution and surface sampling as it uses a surface based representation in order to build the hash table. We also presented our experimental results which clearIy show that our algorithm is accurate, insensitive to the number of input views and robust to noise. A single view of each of the five objects (Fig. 5) . (b) oise with U = 0 . 7 m and (c) U = 1.4cm. 
